The paper presents an approach to determine the influence of alloying elements on the properties of iron-based alloys by a robust numerical experiment. The study is based on a database of 90 alloys with relationship between the chemical composition and mechanical and plastic properties. The limit of yield strength (Re) and elongation (A) are assumed as optimizing parameters. The properties of the alloys used in the database are under heat-treated condition after low temperature hardening and tempering applied. In terms of the mission of any performance steels were identified nonlinear regression relationships. As a result, the proposed procedure shows how to specify the amount of alloying elements on iron alloys based on the Taguchi method. The originality of the solution lies in application of the Taguchi method for simultaneous multiple criteria within a task.
INTRODUCTION
For the past few decades the attention of many engineers and statisticians in the world has been drawn to the so-called Taguchi method. A lot of successful applications of this method have been reported in designing quality products using modern techniques such as neural networks and genetic algorithms. A number of examples in the field of metallurgy and processing of blanks are presented in the results from the Taguchi-based research by Adem, Turgay, & Gurcan (2012) , Bajic, Jozic, & Podrug (2010) , and Gaitonde, Karmik, & Davim (2009) for processing metal surfaces and for machining of holes. Machining parameters are optimized to obtain higher quality surfaces. The same approach is used from Kochure & Nandurkar (2012) for selection of induction The core of Taguchi approach consists of the method for reducing the influence of factors called noise (disturbing) that impair the quality parameters of the product/process. It is where the radical difference from the traditional technique of quality, which provides identification of existing sources and conduction of measurements that are often costly due to their control. The parametric design of Taguchi ensures non-sensitivity to (interference) noise along the way to the proper selection of certain parameters called controllable factors.
In engineering practice, when the variance of the quality index is too large, it frequently involves narrowing of the tolerance ranges of the parameter examined. However, to narrow the tolerance intervals means to buy raw materials of higher quality, which are more expensive. Therefore, robust engineering design provides high quality with low product. It also shows that quality products can be produced even if the raw materials are not of the highest quality.
The features of processes and products quality usually depend on many parameters. It is why that more sophisticated methods are needed to find such parameters of the product that make it insensitive to interference. Experiments are conducted where both the product parameters and noise conditions are modified. The goal of these experiments is to see how the joint effects of the product parameters and noise factors influence on the quality characteristics. (Kachar, Off line quality control parameters desing and Taguchi method, 1985) The robust design is a step forward in comparison to the traditional methods of experiment planning and analysis where only the dependence of the quality index on the factors is studied. With robust design its dispersion is examined as well. (Kachar, 1986) Taguchi uses plans called orthogonal arrays by the scheme shown in Fig.1 . The problem is that in this case the experimenter has to preliminarily know which interactions are significant. Usually there is no such information.
Performing experiments according to the parameter plan in Fig With these models available, robust design is reduced to an optimization problem. One of its possible formulations is the following: to select values of these product parameters to minimize the disperse of quality index provided that its average value is equal to the target value Nom y  .
The research from refference shows the broad spectrum of problems in which Taguchi method is applied
The aim of this study is to present an approach to determine the influence of alloying elements on the properties of ferrous alloys with multi-criteria robust numerical experiment.
The wish is to achieve results that are better than the source used to obtain the mathematical model
ESSENCE OF THE NUMERICAL PROCEDURE
A database of 90 alloys found at [http://www.splav.kharkov.com/choose_ type.php] is used as a basis of the study. The database cited contains the relationship between the chemical composition and mechanical properties of alloys involved. It contains data on the quantities of carbon C, silicon Si, manganese Mn, nickel Ni, chromium Cr, molybdenum Mo, sulfur S and phosphorus P. These are the input variables of the model. For mathematical models based on the chemical composition it is reported by Efimychev, Mikhailov, Svyatkina & Prokhorov (1976) and Rozhkov, Vlasov & Mulk (1990) . The properties of the alloys in this database are under heat-treated condition after applying low temperature hardening and tempering.
The optimizing parameters are: the yield strength Re and elongation A. The ranges of change of the used alloying elements of ferrous alloys are listed in Table 1 . According to Vuchkov and Stoyanov (1980) , K if F> F (α, ν1, ν2) then the coefficient of multiple correlation R is significant and the model can be used for prediction.
In regard to the problem examined, for each of the mechanical properties of steels under examination nonlinear regression dependencies of the kind have been identified:
Here b ij are the parameters of the regression model.
An experiment is carried out by the methodology of Taguchi modeled on orthogonal matrices developed by it. The experiment can be implemented in two ways:  a real experiment thanks to which results for processing are obtained;  numerical experiment with availability of adequate regression models.
The presence of coefficients of adequate models described in Table 2 makes it possible to carry out numerical simulation by the scheme presented in Fig. 1 . The orthogonal matrix I with 27 rows and 13 columns given in Table 3 (27, 13) is chosen as a noise matrix. The matrix is derived with factors at three levels.
Specifically for the data of the experiment, eight pillars are used as the regression models are obtained based on eight variables.
In the matrix X 1 corresponds to carbon, X 2 corresponds to silicon, X 3 corresponds to manganese, X 4 corresponds to nickel, X 5 -corresponds to sulfur and phosphorus, X 6 corresponds to chromium, X 7 corresponds to molybdenum and X 8 corresponds to vanadium.
The methodology proposed will be used to analyze yield strength Re and elongation A. To build these two target functions, 90 measurements that form the data matrix A (90, 8 +1) have been used. Here the added column "1" is for the output target function Re or A, stored compactly in the matrix.
To optimize the computing process, the scheme in Fig. 2 is selected, which having been processed for the particular case takes the following kind. If we take the first column of matrix I (27,8) relevant to Х 1 , it is seen that the first nine rows correspond to level "1" of noise, the second nine lines correspond to level "2" and the third nine rows correspond to level "3" of noise. This makes possible to use the values of the first nine rows of matrix F (27,90) to calculate level "1", to use the second nine rows to calculate level of "2" and the third nine rows for calculation at level "3" for Х 1 . For other columns from 2 to 8 it is necessary to sort in ascending order. After sorting the column obtains the kind of the first column. If changes are made with sorting, they are reflected also in matrix F (27, 90) . After sorting of the respective variable, calculations for different levels can be made.
Fig. 2 Organizing experiments with parametric planning with matrices I, A and F
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A row of matrix I (27,8) is taken (for example, row 1 -I (1,8)). In this row for each x i level "1" is assigned, i.e. noise will be taken out from each value x i . Using the rule expresed in this way, noise is generally formed in the first row of matrix A (90. If we take the first column of matrix I (27,8) relevant to Х 1 , it is seen that the first nine rows correspond to level "1" of noise, the second nine lines correspond to level "2" and the third nine rows correspond to level "3" of noise. This makes possible to use the values of the first nine rows of matrix F (27,90) to calculate level "1", to use the second nine rows to calculate level of "2" and the third nine rows for calculation at level "3" for Х 1 . For other columns from 2 to 8 it is necessary to sort in ascending order. After sorting the column obtains the kind of the first column. If changes are made with sorting, they are reflected also in matrix F (27, 90) . After sorting of the respective variable, calculations for different levels can be made.
Thus 810 different values of this function are obtained for each level of noise and this ensures reliable outcomes. In the numerical experiment noise was first determined with k = 100. The analysis of the graphs below shows low sensitivity for both Re and A. For this reason, an experiment with k = 70 has been made as well. In these calculations, as shown in the attached graphs, the results are sharper for both target functions under examination. As explained above in this section, in compliance with Taguchi, the higher evaluation is taken as the optimal value. It defines the noise level and the direction of possible further search.
After the analysis of evaluations of the respective graphics for Re and A, the generalization of the solution is shown in Table 4 .
Calculations are performed according to the following algorithm.
CONCLUSIONS
The conclusion that can be made on yield strength Re based on the results in the table is that silicon, sulfur and phosphorus do not significantly affect the ultimate outcome within the range of variation examined. Carbon, chromium and molybdenum influence significant on Re. These elements have to be modified in direction to increase their values. Manganese, nickel and vanadium should be modified in direction to decrease their values.
The results of the relative elongation A are more interesting. The four variables, carbon, nickel, sulfur and chromium, should not be changed from their basic levels, and the other variables, silicon, manganese, molybdenum and vanadium, have to be modified in direction to reduce their values. The main conclusion of the applied methods towards the relative elongation is that none of the variables must be increased.
As a result of the procedure proposed it is possible to specify the quantity of alloying elements on ferrous alloys using Taguchi method.
It is expected to improve the respective properties of steel 35 HGSA regulated by GOST via increasing manganese. The last statement must be confirmed also by an actual experiment.
